Background This research seeks to identify the relationship between economic factors related to the ability to receive and pay for health services and adverse cancer outcomes, as well as preventative screening and behavioral factors that influence the risk of cancer. We focus on the Northern High Plains region, where we are able to compare regions with extremely low access to health services with those with relatively high levels of access. Objective This study aims to identify health disparities in rural communities, particularly among Native American populations, and, thereby, begin to determine the most effective means by which to deliver health services to areas where geography, economics, and culture might prevent traditional models of health delivery from providing sufficient incentives for the prevention of adverse cancerrelated outcomes. Methods The Health Care Accessibility Index (HCAI) is computed through the use of principal component analysis and includes economic variables as well as variables concerning institutional and geographic access to health care. Index values are then regressed onto cancer outcomes, cancer-prevention outcomes, and cancer-related risk, using weighted least squares and quantile regressions.
stage cancer incidence rates [1] . The relationship between these determinants and incidence rates is important, in part, because they are the main policy tools in combating cancer. As described by Cutler [2] , the four main cancer sites (lung, colorectal, female breast, and prostate) have had decreased US age-adjusted mortality rates since the early 1990s. Cutler attributes these reductions to three main factors: (1) behavioral changes (e.g., reduced smoking); (2) more effective and prevalent screening of breast, colon, and prostate cancers; and (3) more effective chemotherapy and surgery. Of the three factors listed, nearly 60 % of the observed decrease can be attributed to behavioral changes and improved/more prevalent screening.
However, these gains have not been experienced across all demographics. One notable subpopulation that has not experienced the substantial gains in early cancer detection is that of Native Americans [3] . For example, Native American women were the only demographic group that did not experience reductions in cancer mortality rates from 1997 to 2007 [4] . Holm et al. [5] performed a study that focused on North Dakota and found that Native Americans were less likely to meet age-appropriate screening recommendations than samples taken from the USA and North Dakota. A lack of preventative screening for cancer is associated with demographic factors, such as age, education level, and marital status, and is also importantly related to economic variables, such as whether someone is unemployed, has a regular health care provider, has health insurance, and is a non-smoker [6] . Native Americans were also more likely to smoke cigarettes, not engage in leisure time physical activity, and be unemployed. The result of this combination of cancer-related risk factors is that Native American Indians and Alaska Natives are also more likely to have late-stage disease diagnosis than non-Hispanic whites [7] .
Past studies focusing on inequalities in health and health care services have utilized concentration indices and curves [8] . Many of these methods are described in Wagstaff and van Doorslaer [9] , and essentially include plotting the rank of an economic indicator (such as income) along with the rank of a health indicator. As long as the economic indicator can be ranked unambiguously from low to high socioeconomic status, this method can be used to identify the direction of inequality. However, there are two main problems with the use of concentration curves for the current application, which our approach circumvents. First, a single variable, such as income, does not provide an adequate measure of the ability a household has to pay for health services. For example, two households may receive identical income, but will have very different costs associated with health care services if one of the households is located in an area where they must travel a significantly greater distance in order to access health services. By using an index for access to health care services that includes economic and geographic variables, our proposed approach more comprehensively captures differences in access to health care services. The second limitation of using concentration curves is that it can only inform regarding relative outcomes in the sample, since it is based entirely on ranked ordering. We are able to relate the variables within the Health Care Accessibility Index (HCAI) directly to cancer-related behaviors and outcomes that can be generalized to other regions.
Grossman [10] first derived the demand conditions for health services under the assumption that health was a ''durable good'' and showed that the demand for health services is negatively related to wage rate and education. In addition to health services, individual behaviors with respect to health are defined as investments or disinvestments in the commodity ''good health.'' More recently, Cutler and Lleras-Muney [11] identified that income, health insurance, family background, and cognitive ability explain nearly 60 % of the relationship between education and health behaviors. Further, Cawley and Ruhm [12] state that higher socioeconomic status, as proxied by educational attainment or family income, is generally correlated with healthier behaviors. For example, high school dropouts are more likely to smoke, be obese, drink heavily, and be physically inactive, when compared to college graduates. In the present study, these are important risk behaviors since they all increase the likelihood of cancer. Even modest marginal changes in cancer mortality rates, through diminishing the presented risk factors, can have significant impacts, as shown by Murphy and Topel [13] , who estimated that a 1 % reduction in the cancer mortality rate would be worth approximately US$500 billion.
Additional research has evaluated the linkage between insurance participation and health outcomes. However, Kenkel [14] points out that insurance expansion alone does not lead to substantial improvements in preventative services, which may be due to the other costs, such as lack of convenience, that provide important barriers to access to preventative care. While the cited papers provide valuable insights in linking the consumption of medical services and economic variables, they lack an approach that accounts for the many facets of the ability a household has to consume and pay for health care services. This implies that these studies do not consider the full cost of preventative care. For example, many studies often do not include important cost factors such as the distance to care facility, supply of local physicians, health care coverage, among other important economic variables. This research seeks to broaden the definition of economic factors that influence the demand for health care to include travel costs, the supply of nearby physicians, as well as an array of economic factors that contribute to an individual's ability to attend and pay for medical services. This research seeks to identify the relationship between these economic factors and the main drivers of adverse cancer outcomes, which include preventative screening behavior and behavioral factors that increase the risk of cancer.
Adverse cancer-related outcomes, such as increased late-stage cancer detection and cancer-related mortalities, are linked to lower preventative screening rates, which occur with more regularity in areas where a higher effective cost and often a decreased ability to pay for health care services are experienced. Cancer-related risk behaviors, such as smoking and obesity, might also be linked to the availability and ability to pay for health care services when one considers the importance of access to smoking cessation and weight loss or activity enhancement programs, which are likely to be correlated with other complementary health-related services.
In focusing on the Northern High Plains region of the USA, we are able to compare counties with extremely low access to health services with those with relatively high levels of access. The findings from this research are crucial in identifying health disparities in rural communities, particularly in communities containing Native American populations. Additionally, the results provide insight to help determine the most effective means by which to deliver health services to areas where geography, economics, and culture might prevent traditional models of health delivery from providing sufficient incentives for the prevention of adverse cancer-related outcomes.
Empirical Methods

Data
Data from 2005 to 2009 were collected for county-level, age-adjusted, all-site, late-stage incidence, total incidence, and cancer-related mortality rates. These data were averaged across the given time period in order to comply with state regulations with regard to patient confidentiality, and were provided from the state National Program of Cancer Registries for Montana, Wyoming, North Dakota, and South Dakota. In addition to data confidentiality issues, annual incident and mortality estimates provided for relatively small counties often lack an appropriate degree of precision. By aggregating across 5 years and creating of a cross-section of data, the variables used in this study are believed to provide a more precise estimate of incident and mortality rates while complying with state confidentially regulations. Late-stage incidence cancers include all-site cancers that were diagnosed at 'regional' or 'distant' stages. Data on mammography prevalence in the last 2 years and cancer-related risk behaviors (current smoking prevalence, obesity prevalence) are from 'Model-Based Small Area Estimates of Cancer Risk Factors & Screening Behaviors' (http://www.sae.cancer.gov) that provide county-level estimates aggregated over 2000-2003 based on the methodology in Raghunathan et al. [15] . Using these years provides an indicator prior to observing cancer incidence and mortalities, and is the most recent countylevel estimate. These county-level data are estimated using a hierarchical Bayesian procedure that incorporates data from the Behavioral Risk Factor Surveillance System (BRFSS) and the National Health Interview Survey (NHIS). The approach described in Raghunathan et al. [15] corrects for non-coverage bias and nonresponse bias in BRFSS data, while reducing the variability associated with small samples. Zhang et al. [16] evaluated the usefulness of the data used in this study and concluded that the value was especially high when estimating cancer screening rates in rural areas.
Economic data are also used in this study to compute the HCAI, and are from the US Census Bureau's American Community Survey (ACS), 2010 Census, and BRFSS. Data from the ACS include variables included in many socioeconomic indices of socio-economic well-being [17, 18] 1 . In addition to the variables used by Albrecht and Ramasubramanian These variables are utilized in this study in order to assess the cost of medical care services related to cancer prevention and detection. For example, the ability to pay for medical services is largely influenced by economic circumstances, which are explained with the use of employment and economic independence variables. In addition to income and other economic factors, the ability of an individual to receive medical services is largely influenced by the supply of services. For this reason, medical supply variables are included that also include the distance to cancer-care facilities. This is particularly important when we consider rural communities where the economic cost of medical care may come in the form of travel costs to care facilities due to a lack of local physicians or expertise.
Principal Component Analysis
In order to aggregate the impact of each of these variables, and accounting for the relatively small sample size, the HCAI is computed through the use of principal component analysis. Principal component analysis is used to take a set of variables and find a linear combination of those variables that can be utilized to capture the explained variability between variables [19] . This effectively reduces the number of estimable variables, which is particularly important in situations where each variable has new information but is highly correlated with many of the other variables. When presented with a regression that contains high degrees of multicollinearity, marginal effects are often difficult to isolate, resulting in high standard errors. For this application, we assume that the HCAI is a linear function of the included variables (z), such that HCAI ¼ a 0 z þ e, where z includes variables linearly related to the HCAI through the first principal component (a) [20] . Belasco et al. [18] used county-level data from Texas to demonstrate the use of fitted health accessibility index values to partially explain cancer-related outcomes, and this resulted in superior goodness-of-fit based on Akaike's Information Criteria and Schwartz Information Criteria. We also include the flexibility parameter (1/a), which provides a measure of which z needs to change in order to observe a 1-unit change in HCAI.
The first principal component is typically used to develop the index. In this application, nearly 50 % of the variation in these variables is explained through the first principal component. The flexibility parameter is important as it documents the amount z would need to change in order to expect a 1-unit change in HCAI and allows us to compare the degree to which changes in the components of the index would need to change in order to change the index. This provides insight into the relative importance of each variable in the index and translates the marginal effect from the HCAI onto its input variables. One difficulty with this particular approach is that given that elements in z are highly correlated, it is difficult to imagine an exogenous shock that only impacts one element of z without influencing the others. That being said, the results present the scale necessary in order to change the HCAI. For example, the percentage of residents who are under the poverty level has a negative impact on the HCAI. In order to increase the HCAI by 1 unit, the percentage under the poverty level would need to decrease by 1.80 percentage points. Along with poverty rate, income appears to have a strong impact on the HCAI, as an average household income increase of US$1,860 within a county is associated with a 1-unit increase in the HCAI. More details can be found in the supplemental appendix.
To illustrate the graphical nature of the estimated HCAI values, Fig. 1 displays a plot of HCAI values by county. Dots within the figure are set to emphasize the location of counties that have Native American populations of higher than 40 % of total residents. The close relationship in this region between extremely poor health access and Native American population density is striking. This is especially notable in the north-central and south-central regions of South Dakota, which include the Oglala and Rosebud Sioux tribal regions and have some of the lowest HCAI values in our sample. Montana, as well, shows particularly low index values in locations in and around the Crow Nation, Fort Peck, and Blackfeet reservation territories. It is also worth mentioning the negative skewness associated with HCAI values indicating a great numeric distance between counties found in the lowest 10th percentile and the rest of the sample, as shown in Fig. 2. Table 1 presents summary statistics for the associated independent and dependent variables used in this study for the counties included in this data. Weighted mean statistics are weighted by 2010 population in order to more accurately represent the region as a whole and not bias results with respect to the impact of counties with relatively small populations. In addition to the weighted means, 10th, 50th, and 90th percentiles are presented to characterize distributional characteristics and identify the spread in outcomes. For example, the age-adjusted, all-site, cancerrelated mortality rates increase by 61 %, from 131.92 to 212.82 per 100,000 residents, when moving from the 10th to 90th percentile. The percentage of late-stage cancer incidence also increases by 52 % when moving from the 10th to 90th percentile. Changes in incidence and mortality rates are hypothesized to be partially influenced by screening and participation in risky behaviors. When comparing the 10th and 90th percentiles, we also view substantial differences in mammography screening rates (57 vs. 71 %), smoking prevalence (18 vs. 28 %), and obesity prevalence (23 vs. 31 %). Each of these variations are larger than 25 %, with the largest distinction being in smoking rate, which presents a 58 % increase between the 10th and 90th percentile.
Regression
Distance to cancer care and the supply of local physicians are also hypothesized to be importantly related to the ability a consumer of health services has to detect and effectively treat cancer prior to late-stage cancer phases. The 10th percentile for medical supply indicates 2.00 MDs per 100,000 residents. This lack of local supply implies that travel is often necessary for even basic medical services. Further, 10 % of the population is at least 158.79 miles away from an accredited cancer care facility. While many of the included economic variables present wide variation within our sample, the percentage below the poverty level is especially notable, as moving from the 10th to 90th percentile has this value change from 8 to 23 %, which is a 188 % increase. Additionally, this sample provides a relatively stark contrast with regard to education, as counties in the 90th percentile have 20.21 % of the population over the age of 18 years without a high school or equivalent education level. This is 136 % higher than the value for the lower 10th percentile within this region (8.56 %). These distinctions are presented in order to provide support for using this particular data sample, where large variations between important indicators of cancerrelated outcomes and behaviors are present. These indicators are shown to include economic, education, health screening, risky behaviors, and health supply variables.
In order to present the differences in dependent variable levels for different HCAI levels, Table 2 splits weighted means by tercile rankings and lowest decile rankings for HCAI. Recall that low HCAI levels indicate regions with relatively low levels of access to health care services for cancer. These indicators present a series of challenges for counties faced with low HCAI. For example, both obesity and smoking prevalence are associated with increased cancer risk. Additionally, lower mammography rates also present challenges in combating cancer in these areas. Breast cancer mortality rates have dropped substantially over the years and are largely attributed to better screening rates from mammography [2] . The percentage of the population that is Native American is also notably higher in counties within the lowest HCAI tercile and decile. In many of these areas, the Indian Health Services (IHS) covers preventative screening for breast cancer [21] . However, economic costs for medical services might also include substantial travel costs in rural areas. Each of these movements are magnified in the lowest decile as ageadjusted mortality rates, smoking prevalence, obesity prevalence, and the percentage of total population that is Native American are substantially higher, while mammography screening rates are substantially lower.
The computed index provides a single metric that can be used to evaluate and rank access to health care accessibility in order to compare counties within our sample. The index is then regressed onto cancer outcomes (percentage of latestage cancer incidence, relative to all cancer incidence), cancer prevention outcomes (percentage of population that receives appropriately recommended breast cancer screenings), and cancer-related risk behaviors (percentage of the population that smokes cigarettes and percentage that is classified as obese), using a weighted regression. Each regression is weighted by the 2010 population in order to provide estimates that are representative of the four-state region. County-level regressions are used to identify correlations between outcome variables and the index. Quantile regressions are also used in order to assess the potentially different impacts of the HCAI on counties with a range of HCAI values. Quantile regressions allow for marginal effects to be evaluated across the range of defined quantiles in order to identify the existence of a changing relationship between the HCAI and dependent variables of interest. This is particularly useful in this study as it allows for a richer characterization of the heterogeneity [22] . Additionally, quantile regressions are less sensitive to outliers and are estimated consistently under fairly mild assumptions [23] .
Results
Weighted regression results are provided in Table 3 and indicate the relationships between important dependent variables and HCAI values. In general, counties in our sample with relatively poor access to health care have (1) a lower prevalence of breast cancer screening, (2) higher prevalence of risk-related behaviors such as obesity and smoking, and (3) higher rates of cancer-related mortalities. It is interesting to note that there does not appear to be a statistically significant relationship between health care accessibility and late-stage cancer incidence.
While low cancer screening rates and high prevalence of cancer-related behaviors, such as obesity and smoking, are known to contribute to cancer incidence and mortality, it is difficult to identify which of these aspects are more problematic in areas of low access because of the magnitude of both problem areas. For example, areas with dense Native American populations in our sample also tend to have high obesity rates, high smoking rates, low breast cancer screening rates, and low access scores.
As suggested in Solon et al. [24] , weighted results can be useful in obtaining average partial effects but typically demand additional analysis in order to identify the heterogeneity within the sample. For this reason, weighted regressions were split into two subsamples in Table 3 to illustrate the differences between densely populated Native American regions and other regions. This distinction is drawn to characterize any differences between an IHSserviced community and a community with a more traditional health care model. IHS-serviced areas are proxied as counties with a higher than 40 % population that is classified as Native American by the 2010 Census. The relationships between the HCAI and the prevalence of mammography screening, smoking, and obesity are all heightened when only densely populated Native American counties are considered. When we consider the remaining counties separately, much of the statistical significance disappears, which may be due to the relative lack of variation in the HCAI for the remaining counties. These results highlight the heightened importance of improvements to health care access, especially in those areas where traditional models of health care delivery are not utilized. Figure 3 presents a plot of the weighted quantile results with respect to the marginal relationships between the HCAI and major indicators, across the range of quantiles with regard to indicators. This allows for a more detailed assessment of the marginal relationship between access to the health care services and cancer-related behaviors and outcomes by isolating the impacts for a range of access to health care services. For example, ageadjusted mortality rates and the percentage of metastatic cancer cases are shown to be not statistically different from zero when controlling for quantile. This is in contrast to ordinary least squares (OLS) results which indicate statistically significant results. The sub-plot regarding appropriately timed mammography indicates that counties with the lowest mammography screening rates are associated with large increases in screening rates for relatively mild gains in accessibility. As shown, the counties with the lowest screening rates (lowest quantiles) are shown to have a statistically significant positive relationship, implying that advances in health access can have relatively large gains in the prevalence of mammography screening. The lowest quantile has a marginal impact that is slightly larger than the marginal impact estimated from OLS. However, OLS estimates provide a single estimate, while the quantile results indicate that this marginal impact is not statistically significant for counties with relatively high screening rates (top 3 deciles). Results regarding the prevalence of cervical cancer screening are somewhat ambiguous, with a positive relationship between mid-level screening counties and an insignificant relationship for the top and bottom counties with respect to screening.
The results with regard to obesity prevalence provide a statistically insignificant relationship between access and obesity among lower deciles. It is worth mentioning that the variance within this lowest tier group is substantially wide and shrinks in higher quantiles. For counties with relatively high levels of obesity (top 3 quantiles), there is a statistically significant negative relationship indicating higher obesity rates with low levels of access.
Discussion
While both prevention and risk-related behaviors are known to impact the early detection of many cancers, this research identifies the rather complex web of economic issues that impacts less desirable cancer outcomes. In order to reduce the cancer burden, it is crucial that (1) cancerrelated prevention activities are expanded and (2) riskrelated behaviors are mitigated. However, counties in our sample that have poor access to health care are adversely faced with low levels of cancer prevention participation and high levels of risk-related behaviors (i.e., obesity and smoking). Future research is needed in order to focus on isolating the impact of screening and risk-related behaviors on cancer outcomes so that federal efforts and grants can be more efficiently focused on crucial populations. In a time of belt tightening for federal funds, it will be crucial for research and prevention programs to be as cost-effective as possible.
Results in this research indicate the largest potential gains in preventing cancers can be found in areas with low screening rates, high obesity rates, and high smoking rates. Quantile regression results demonstrate the largest marginal effects from changes in the HCAI can be found in areas with the lowest screening rates and highest risk factors (e.g., smoking and obesity). Areas that contain the lowest accessibility scores, in terms of the HCAI, are often present in and around counties that have a relatively high population of Native Americans. These regions also tend to be the most remote areas in our sample.
While not a regressor in our model specifications, the percentage of Native American population tends to be highly correlated with adverse cancer outcomes and behaviors in our sample. For example, counties in our sample with a high proportion of Native American residents also tend to be characterized with high obesity rates, high smoking rates, and low cancer screening rates. This paper posits that late-stage cancer detection can be explained using economic factors that characterize the cost and ability to cover health care services. This interpretation is consistent with that of Belasco et al. [18] , who evaluated health disparities in Texas, where Hispanic populations tended to have higher late-stage cancer detection rates while also lacking access to health care services.
While there may be other factors that drive higher rates among Native American populations related to culture, genetics, or unique health delivery systems (i.e., the IHS), the variables used in this study provide policy instruments by which to influence health outcomes. For example, improvements in the HCAI come from a list of variables that can be implemented into policy, such as the supply of physicians, distance to cancer care facilities, unemployment, the percentage of residents below the poverty level, and the percentage of uninsured. Given the negative skewness in HCAI (shown in Fig. 2) , it is apparent that counties in the lower tail of the distribution need to make significant improvements in the included economic variables in order to realize gains in cancer-related outcomes and behaviors.
There are also a few notable limitations of this study. First, while incident rates present an important metric in cancer outcomes, it is also a somewhat biased measure. This is due to the fact that incident rates only include known cases, while cancer is often latent for some time before being detected. Second, isolating the effect of a single policy is challenging given the highly correlated nature of the dependent variables used in this study, particularly in counties that reside in the lower tail of the HCAI. This presents the question as to what is the best policy to combat cancer. However, health behaviors and screening rates are shown to move together, implying that these either reinforce one another or are highly related.
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